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Abstract 
This paper proposes that service mining 
technology will power the construction of new 
business services via both intra- and inter-
enterprise service assembly within the Service 
Oriented Architecture (SOA) framework. We 
investigate the methodologies of service mining at 
the component level of service usage. We also 
demonstrate how mining of service usage patterns 
is intended to be used to improve different aspects 
of service composition. Simulation experiments 
conducted for mining at the component level are 
analyzed. The processing details within a general 
service mining deployment are demonstrated. 
1. Introduction 
Service Oriented Architecture (SOA) refers to 
the practice of deriving an information system 
design from a business design [1]. The component-
based design of business application is 
transforming greater portions of the application 
design job into the mapping of business process 
definitions and activities to the services of various 
software assets. We have proposed a technology 
similar to web mining, or service mining [3], to 
ease the decision of picking the right service 
component and the right implementation of a 
service component via analysis of historic runtime 
service usage data. In this paper, based on our 
previous work on patterns of service usage for 
service mining, we investigate the methodologies 
of service mining at various levels and show how 
the knowledge discovered through mining can be 
effectively used. Simulation experiments conducted 
for mining at the component level are analyzed. 
The rest of the paper is organized as the following. 
In section 2, we discuss how the results of service 
mining can benefit various tasks in service 
composition. Method of mining at the component 
level is discussed in section 3. Simulation 
experiments and results are also presented in the 
same section. Section 4 states the conclusions.  
2. Using Knowledge Discovered from 
Service Mining 
Service mining is meant to discover 
knowledge of service usage, which is determined 
by the functions of services, interaction protocols 
of services and some non-functional properties of 
services such as QoS. Service mining results 
facilitate service composition by improving both 
the easiness and the quality of the service discovery 
and service selection process.  
2.1. Predicting the correct component 
services for service composition 
Over the last few years, automated service 
composition approaches can be broadly classified 
as approaches based on formal computer science 
theory and those on artificial intelligence. 
Approaches of both classes rely on some form of 
automated logic deduction or synthesis to decide 
what components are needed for the composite. 
During such derivations, the right rules need to be 
applied to the right symbolic representations so that 
finally a conclusion can be reached on whether or 
not a particular component should be picked. 
Service mining can be used to facilitate the 
selection of the right rules and the right symbolic 
representations through a knowledge base 
composed of analytical result of the mining. 
For example, in an AI graph search approach 
reported in [2], when the composition goal is 
adequately described, an automatic search of a 
particular type of graphs (where nodes represent 
operations of service components) results in a sub 
graph(s) that represents tentative composition(s) of 
services. The search space represented by the 
graphs can be large due to the large number of 
relevant services and to the flexible, incomplete 
and probably imprecise composition goal given. In 
that case, selecting the next node in the graph to be 
included in the sub-graph, which corresponds to the 
next service component decided as useful for the 
composite, becomes too expensive without any 
heuristics. Service mining provides statistics that 
IEEE International Conference on e-Business Engineering
0-7695-3003-6/07 $25.00 © 2007 IEEE
DOI 10.1109/ICEBE.2007.112
359
indicate the probabilities that different candidate 
components in consideration co-occur with those 
already considered useful in the composite. Let us 
assume the following scenario: In order to provide 
an e-store to its online vehicle consumers using a 
Web service, a car dealer must have both a catalog 
service for online product browsing and a GPS 
service for locating the nearest warehouse. Figure 1 
shows a snapshot of a moment in the service 
composition procedure after the catalog service has 
been picked and either GPS service or the 
Telephony Registration Service will be picked. 
Service mining provides the statistics that GPS 
Service and Telephony Registration Service co-
occur with the Catalog Service respectively. Such 
statistics serve as the heuristics that help to quickly 
and safely reduce the search space and to produce a 
result more easily. 
Catalog Service 
Telephony Registration 
S i
GPS Service
Figure 1: Predicting the right service component 
2.2. Predicting the “good-profiled” partners 
to collaborate with 
Services provided by various providers 
differentiate on their availability, accessibility, 
performance, integrity, reliability, regularity and 
security. In addition, they may differ in terms of 
costs and fees. Successful service integration 
depends on the smart partnering. The profiles of the 
partners can be represented by QoS attributes on 
the Web services they provide, which describe non-
functional properties of the Web services. To pick 
the “good-profiled” partners to collaborate with, 
therefore, post challenges with the presence of a 
number of service providers. In the case of both 
QoS-enabled or non-QoS-support SOAs, results of 
mining the historical QoS data collected on the 
services provided by various providers can be used 
to make a prediction roughly whether the particular 
service provided by this provider will be of quality 
or not. This helps to make a smart service selection. 
To continue the example shown in Figure 1, if 
the car dealer prefers to integrate a GPS service 
from an outside vendor, it then faces the tough job 
of selecting a good vendor given more than one 
vendors available. The dealer specifies its QoS 
requirements of the GPS service on availability, 
performance, reliability, security and cost.  Service 
minding results on different vendors (e.g. 
cheap.GPSservice.com and  premium.GPSservice. 
com in Figure 2) in terms of “percentage of service 
request messages that have corresponding service 
reply messages”, “ratio of service unavailable time 
and service available time in a certain period”, 
“response time for successful serviced requests”, 
“average number of being victims of denial of 
service”, and “service change and refund-ability on 
un-honored services” can be used to decide which 
of the two vendors may be a more qualified partner 
to work with. 
2.3. Optimizing composite service QoS 
Figure 2: Predicting a good partner 
cheap.GPSservice.com 
or 
premium.GPSservice.co
m 
Catalog Service 
GPS Service
A composite service will probably be built on 
more Web services than just a couple. Although it 
is rather important to consider improving the QoS 
of each individual service component, the overall 
impacts of the QoSs of individual service 
components on the composite service can be rather 
complicated compared to those by themselves. The 
challenge of optimizing the QoS of a composite 
service stems from the characteristics of the control 
structures of the composite service, possibly the 
business flows, and thus the collective quality that 
it allowed to be factored out. Service mining can be 
used to study the QoS patterns of the component 
services with a certain control structure and 
suggests a QoS criterion of a component service in 
that computing paradigm. 
Let us look at the structure of “synchronized 
join”, where several service components need to 
have their execution synchronized before the 
execution control of the entire composite service 
can move on. In this paradigm, the response time, 
R, is the maximum of the response time of the 
synchronized services, as shown in (1). Referring 
to the example in Figure 3, the “insurance service” 
and the “vehicle registration service” need to be 
completed before the “title transfer service” can 
start. The service mining results may show that 
“insurance service” and “vehicle registration 
service” seem to have comparable response time in 
all previous composite instances, and given the fact 
that the best registration service available is of 
medium speed, it makes sense to select an 
insurance service provider whose service is of 
medium speed versus a faster but a lot more 
expensive one. 
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3. Methodology and Simulations of 
Component Level Mining  
To predict the correct component services for 
service composition as discussed in section 3.1, we 
need to study how the components co-occur or co-
relate in one or sequences of complex service(s). 
Such co-occurrences and co-relations are 
component level usage patterns and mining such 
patterns are referred to as mining at service 
component level. In particular, the study of service 
usage aims to discover the association patterns 
between different Web service components from 
historic service usage data. In contrast to purely 
looking at a single service request in isolation, 
studying historic requests and component patterns 
helps to narrow down to a list of possible useful 
components and reduces the effort of searching  a 
large amount of service components. We are 
interested in knowing the co-occurrence of service 
components as well as their co-relations if existing.  
We use two representations for service 
component co-occurrence and co-relations, 
association rules and sequential component 
patterns. The representations are defined with 
respect to certain composites that have been created 
to achieve some business goals and thus are of 
interest to our research, or Transactions of Web 
services. The association rules are defined as “The 
invocation of a set of components implies with 
likelihood the invocation of another (non-
overlapping) set of components, i.e. A=>B”. 
Association rules, given a min_support and a 
min_confidence, can be discovered. For detailed 
discovery algorithm, please see List 1 and list 2 in 
[3].  
We have developed simulations that illustrate 
how results of service mining at component level in 
terms of associations from association rules help 
improve the automatic service composition. The 
simulation is built on top of an AI service 
composition system that is based on the AND-OR 
graph search algorithm presented in paper [2].  The 
composition approach constructs such an AND-OR 
graph that all possible data dependencies among 
the service components that belong to particular 
domains are presented. The search algorithm is 
then applied to the graph to expand a list of nodes, 
which initially consists of only a few terminal 
nodes, to include more and more useful 
components and corresponding data, and finally to 
encompass all the service components of the 
wanted composite. Higher priority will be given 
during the expansion to the node that shows the 
highest probability of co-occurring with the nodes 
already in the list. 
Insurance service 
The experiments examined the performance 
improvement of the composition system by using 
simulated results of component level service 
mining, while servicing varied complexities of 
requests of composites. In such service requests, 
both Web service operations and relevant data can 
be identified. Here, the complexities of service 
requests were measured upon the number of Web 
service operations identified in the requests and the 
longest distance between any two of these 
operations in the targeted composite, referred to as 
diameter of requests. In the experiments, we 
applied the service mining results to the process of 
constructing composites for service requests on 
generated AND-OR graphs containing 200 Web 
service operations. We generated service requests 
of the following varied complexities: simple 
requests of two and three Web service operations, 
intermediate requests with four and five Web 
service operations and complex requests with six 
Web service operations. Each of the above type 
consists of requests with diameters of 1, 2, 3 and 4.  
Associations were simulated in the following 
way: We follow the 80-20 rule, which means, in 
this context, 20% of the service components are 
used in 80% of the time. Trying to be conservative 
about the current usage of Web services, we 
assume that only 20% of the service components 
are frequently used and therefore, have relevant 
mining data present. The rest 80% have no data 
available from component-level service mining. 
Within the 20% frequently-used service 
components, each of them is “associated” with all 
the rest with a lottery of Gaussian distribution 
(µ=1, σ2 = 1 and here µ is normalized to 1.) 
 (a)(b)(c) and (d) of figure 4 show the search 
time for composite services with different numbers 
of operations specified in requests that are of 
dimension of 1, 2, 3 and 4 respectively. Each 
experiment is repeated 50 times to get different 
random associations.  
In each chart, the two lines represent the search 
time with and without (“w/o” as shown in the series 
names in the charts) using the “association” 
statistics from service mining. As the number of 
operations increases, the discovered composite 
services have more service operation nodes, thus 
requiring a longer search time. More important, 
with the same number of operations, the search 
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time using the service mining results is less than 
those without using the service mining results. 
 In the case of (a), the benefit of service mining 
is not legible on service requests with less than 4 
operations. When the number of operations in 
requests increases beyond 5, the benefit becomes 
more obvious. As the number of service operations 
in the requests increase, the number of operations 
in the targeted composites also increases. Based on 
the 80-20 rule, we have assumed that 20% of the 
components are associated with each other. When 
more operations are involved in the composite, the 
probability that the corresponding components are 
co-related increases. In other words, it is more 
likely that there is some association pertinent to the 
component, which can be used during the 
composition process to reduce the search time. The 
savings on search time increase wit
 
h the number of 
ope
way 
e related components.  
4. C
ms at the user and instance level. 
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rations involved.  
We can see the similar trend of improvement 
on search time across all four charts. In addition, 
the search time for service requests with higher 
dimensions is reduced more, given the same 
number of operations included in the requests. The 
reason is that requests with higher dimensions will 
require a more complicated composite with more 
components, therefore increasing the benefit of 
service mining results. It can be imagined that the 
components that contribute to the path forming the 
dimension of a request are most likely related. 
During the search process, there are points in time 
to make decisions on selecting operations on an 
appropriate path that contributes to the dimension. 
Mining result will guide the search in such a 
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The paper describes methodologies of service 
mining at various levels, and its intended usage. 
The processing details within a general service 
mining deployment are demonstrated. The 
contribution of the paper is that in the presence of a 
large number of services and business processes, 
we provide techniques to discover historic usage 
data of the services in business processes and use 
them to inform the future integrations of business 
processes. More sophisticated service mining 
algorithms and methods at all three levels are 
already in the process of being investigated, 
including algorithms for association rule discovery 
and analysis at the component level, and data 
4-(b)
clustering algorith
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Figure 4 (c,d): Search time for requests of composites 
with different request complexities (c: diameter = 3; d: 
diameter = 4) 
Figure 4 (a,b): Search time for requests of composites with 
different request complexities (a: diameter=1; b: diameter 
= 2) 
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